Abstract : This paper describes implementation of a pedestrian simulation environment to carry out an exhaustive analysis of huge-scale pedestrian flow. Our environment consists of the CrowdWalk pedestrian simulator and the PRACTIS simulation controller. CrowdWalk has three pedestrian movement models that are based on a one-dimensional space model. PRACTIS carries out an exhaustive and efficient analysis in a cluster environment to support effective decisionmaking, enabling pedestrians to be guided according to various criteria. The authors apply CrowdWalk and PRACTIS in a firework festival to verify their guidance planning, and examine some case studies.
Introduction
In recent years, the population has become increasingly concentrated in urban areas, due in part to the development of various traffic networks, i.e., rail, subway, and bus. These networks enable people to access companies, schools, and stores from relatively distant locations, and are carefully planned to alleviate congestion on trains, vehicles, and in pedestrian areas.
When the traffic network encounters a problem, it affects many people in urban areas. In the aftermath of the 2011 Tohoku earthquake in Japan, about five million people in the Tokyo Metropolitan area had difficulty returning home. 1 At that time, the Japanese government announced that commuters, students, and travelers should not return home, but rather stay at their office or school, to avoid any secondary disaster. However, this announcement had little effect, as most people walked home or rushed to take alternative transportation. As a result, heavy congestion occurred across much of the metropolitan area.
When we verify unexpected social phenomena, what methodologies are applied? It is very difficult to prepare for unexpected disasters or events. Drills are an effective method of training for unexpected problems in a state of emergency, but large-scale drills incur a great deal of cost in terms of time, preparation, and information gathering. It is also difficult to analyze multiple scenarios when conducting a large-scale drill. In these cases, simulations are a useful approach to transportation planning, because it is possible to verify transportation plans for various situations safely and inexpensively with a simulator.
Furthermore, this mode of verification is not only useful in an emergency, but also in everyday situations. For example, in a large-scale event attracting a lot of visitors, the traffic control needs to be planned carefully. Indeed, according to the scale of the event, it may be necessary for traffic control to be directed by the police or fire department. For an unexpected number of visitors, navigation plans can be verified with a simulator. In order to apply a simulation approach to large-scale pedestrian flow in a large-scale event, we have the following two technical difficulties. One problem is that there is no pedestrian simulator capable of treating several tens of thousands of pedestrians smoothly, and the other problem is the lack of a simulation controller that can execute several tens of thousands of simulation scenarios automatically.
To solve these problems, the authors implement the pedestrian simulator CrowdWalk and the simulation controller PRACTIS. CrowdWalk simulates pedestrian movement based on different granularities and calculation speeds. Users can select a suitable model for their purpose. PRACTIS enables the automatic execution of CrowdWalk, allowing for exhaustive analysis. In this paper, we consider a huge-scale fireworks festival as the target for pedestrian guidance.
In the next section, we develop a one-dimensional space model and compare it with previous pedestrian models. From this, this paper proposes three pedestrian movement models, i.e., a Following model, a Density model, and an Expected Density model. Section 3 explains the characteristics of CrowdWalk and PRACTIS, and Section 4, the proposed system to verify the guidance plan for a firework festival. Finally, Section 5 offers some conclusions to this study.
Pedestrian Model

Spatial Representation
Previous model
Recently, a number of evacuation simulators have been developed for various purposes [1] - [4] . Most pedestrian simulators use a two-dimensional continuous space model and a cellular automata model to represent the space in which pedestrians move. In a two-dimensional continuous space model, pedestrians determine the direction, velocity, and/or acceleration of their movement based on the distance between neighbors and obstacles [5] , [6] . The real situation shown in Fig. 1 can be represented with a two-dimensional continuous space model, as in Fig. 2 . In this model, one simulation step is typically 0.1 s, and so the computation time required to calculate high-density and accurate pedestrian flow is considerable.
In a cellular automata model, pedestrians must decide at each time step to move to one of four cells (in a Neumann neighborhood) or eight cells (in a Moore neighborhood) [7] . In Fig. 3 , the situation in Fig. 1 is represented by a cellular automata model. Although this model does not require much computational time to calculate the movement of pedestrians, it may consume considerable memory. This is because, as the area in which pedestrian can move increases, the memory required to record each cell's status expands rapidly.
One-dimensional space model
A one-dimensional space model simplifies the traffic flow by representing it with a graph model: a model with links and nodes. The paths along which pedestrians move are represented as links, and these are connected at nodes. Thus, in this model, corridors and rooms are treated as links, and connections between corridors and rooms, i.e., doors, are treated as nodes. Figure 4 shows the one-dimensional space model representation of the situation in Fig. 1 . At a relatively high density, pedestrians walking along corridors and rooms frequently form lines. We consider these lines as pseudo-lanes, and define a link to have some lanes. The one-dimensional space model is unsuitable for the precise reproduction of pedestrians walking in a random manner and passing each other in an open space, because this model only has two directions for the pedestrian to move, i.e., forward or backward along a link. However, to quickly calculate the movement of thousands of pedestrians calmly walking to their destinations, this model can be extremely effective. Therefore, we use the one-dimensional space model for our simulator to realize high-speed calculations.
In 
The position of pedestrian i at lane l n in link L m in time t is then described as x Figure 5 shows an example numbering of the position of pedestrians and a pseudo-lane in a link (detailed representation of the situation in Fig. 4 with the onedimensional space model), where the link in each room has two pseudo-lanes and a corridor has one pseudo-lane.
Pedestrian Movement
To handle various scales of pedestrian flow, this paper proposes three pedestrian movement models within the onedimensional space model. We call these the Following model, the Density model, and the Expected Density model.
The Following model is suitable for calculating one-way flow precisely and quickly. Details of this model were described in our previous paper [8] . The Density model is suitable for calculating mixed flow (one-way and counter flow), and the Expected Density model calculates mixed flow (one-way and 
Following model
In the following model on one-dimensional space model, the speed of a pedestrian is determined based on two kinds of forces, the driving force and the social influence by Helbing [9] .
In the Following model, the speed of a pedestrian is determined by two forces, Helbing's driving force and social influence [9] . The driving force is that whereby a pedestrian who has reduced their speed due to congestion recovers to their free-flow speed. Social influence impels a pedestrian to maintain their personal space. We define the driving force f d i r(t) of pedestrian i at time t is defined as:
whereẋ i (t) is the speed of pedestrian i in time t, v 0 i is the freeflow speed of pedestrian i when the pedestrian i isn't influenced from surroundings, m i is the physical weight of pedestrian i, and τ is a positive real number. We abbreviateẋ 
where r is the summation of the radius of pedestrians i and i-1, and a 1 and a 2 are real positive numbers. On the basis of these definitions, the speed of pedestrian i at time t+Δt is defined as:
where a 0 is a positive real number, and the weight of all pedestrians is assumed to be m. of the link in the direction of movement, as a substitute for the distance to the pedestrian in front of them.
Density model
In the Density model, a pedestrian's speed is determined by the density of other pedestrians within a certain range. We base the range of pedestrian i on the length l range , which is the distance from pedestrian i in lane l k of link L m . The number of pedestrians within the range of pedestrian i at time t is defined as n i (t). We can then calculate the density ρ i (t) of pedestrian i at time t as:
where w range is the width of a lane. The speed function of pedestrian i at time t depends on the link status whether one-way flow or counter flow. If the link is a one-way flow, the speed function (6) is applied to determine the speed of pedestrian i, and if the link has a counter flow, the speed function (7) is applied. The core idea of the speed function is taken from Okada's equation [10] .
Here, v 0 oneway and v 0 counter are the free-flow speeds of the pedestrian in one-way and counter flow, and b oneway and b counter are positive real numbers. The speed is set to a minimum v min , if the distance between pedestrian i and and pedestrian i-1 falls below some minimum d min . In the Density model, the speed of pedestrian i at time t does not depend on that at time t-1. Figure 7 shows an example of the density model with a counter flow in link 2. Pedestrians A and B in link 1, and D, E, G, and H in link 2, move from left to right, whereas pedestrians C and F in link 2 move from right to left. Therefore, to calculate the speed of pedestrians A and B in link 1, the speed function (6) is applied. For pedestrians C-H in link 2, we use speed function (7).
Expected Density model
In our Following and Density models in one-dimensional space, each simulation step is 0.5-1.0 s. However, as the number of pedestrians increases, the time required to calculate their movement increases. In order to realize a pedestrian movement model with high calculation speeds, the authors propose an Expected Density model using a Lagrange approach in which the pedestrian's speed is determined by the situation of the environment. In this model, all pedestrians in a link have the same speed.
In the Expected Density model, at time t, a passage weight of pedestrian i is assigned to links along the route to his destination within one simulation step at free-flow speed v 0 . The passage weight indicates the likelihood of a pedestrian passing through the link in this step. We calculate passage weight PW i,l (t) of pedestrian i to link l at time t as follows.
If pedestrian i's route passes through p links from the current position to a destination within one simulation step at free-flow speed v 0 , these links are assigned numbers from 1,...,p in ascending order, starting from the most remote reachable link. The number assigned to each link is regarded as the passage weight PW i,l (t) of pedestrian i on link l. If pedestrian i does not pass link l, then PW i,l (t) is set to 0.
The existence probability EP i,l (t) of pedestrian i on link l is defined as the product of PW i,l (t) and length l , the length of link l, as follows.
where L j is the set of links that pedestrian i passes at time t. Figure 8 shows an example of the calculation of the existence probability EP i,l . In Fig. 8 , the passage weight PW 1,l of pedestrian 1 is set as PW i,1 = 1, PW i,2 = 2, PW i,3 = 3, and PW i,4 = 4. Based onthe passage weights PW 1,l and lengths of links 1-4, the existence probabilities EP 1,l of pedestrian 1 on links 1-4 are calculated.
Next, we calculate the expected density of each link based on the existence probability EP i,l (t). The expected density ED l (t) of a link l at time t is defined as the sum of existence probabilities EP i,l (t) of all pedestrians on link l, and can be written as follows:
where M is the set of all pedestrian. Further, the expected velocity EV l (t) of link l at time t is determined by the speed functions (6) and (7), and the expected density ED l (t) of link l. The expected density ED l (t) is denoted as ρ in (6) and (7) . Each pedestrian moves based on the expected velocity EV l (t) of link l.
Implementation of Pedestrian Simulation Environment
This section explains the implementation of our pedestrian simulator CrowdWalk and simulation controller PRACTIS to form a pedestrian simulation environment.
CrowdWalk Pedestrian Simulator
Components of CrowdWalk
Our CrowdWalk pedestrian simulator is built around a onedimensional space model, and is composed of three parts: a Network Map Editor, a Simulation Engine, and a 3D Viewer.
CrowdWalk is based on the NetMAS pedestrian simulator, which considers only a Following model in one-dimensional space [8] . However, the Network Map Editor and 3D Viewer from NetMAS are incorporated in CrowdWalk.
Using the Network Map Editor, CrowdWalk users can edit network map files to represent evacuation routes, including rooms, corridors, and emergency stairs in buildings and facilities. Network map files thus describe the area around which pedestrians can move.
The Simulation Engine updates the position of all pedestrians at every time step according to the pedestrian movement models, e.g., the Following model, Density model, and Expected Density model. There are three types of input file for the Simulation Engine: network map files, pedestrian data files, and simulation setting files. Pedestrian data files describe the time and link at which pedestrians are generated, as well as their destinations. In the simulation setting file, various parameters, such as the pedestrian movement model, update interval, simulation termination conditions, and required output data, are described.
Regardless of which pedestrian movement model is selected, the input and output data structure of the CrowdWalk Simulation Engine is the same. Hence, it is easy for a CrowdWalk user to apply multiple pedestrian movement models, because there is no additional model calibration required. Both the network map file and pedestrian data file can be applied to multiple pedestrian movement models without modification. Furthermore, using gas diffusion files, the Simulation Engine can calculate the detriment to individual pedestrians.
PRACTIS Simulation Controller
Functionalities for exhaustive analysis
To support effective planning for the guidance of pedestrians in various scenarios, the authors propose the PRACTIS simulation controller. PRACTIS enables an exhaustive analysis to be performed efficiently in a cluster environment. Figure 9 illustrates the process of exhaustive analysis. Initially, the target parameters and their ranges within the simulation settings are described to allow a total configuration of the exhaustive analysis. Next, each simulation scenario is generated based on the total configuration. The generated simulation scenarios are automatically executed and, finally, the results of the simulation scenarios are statistically evaluated.
The proposed exhaustive analysis requires certain functionalities to enable a wide range of usability. We pick up the following process functionalities from Fig. 9 .
• Scenario generation from the total configuration of the exhaustive analysis
• Automatic execution of all scenarios on the simulator
• Evaluation of individual scenarios and groups of scenarios
Components of PRACTIS
To realize the three functionalities identified in the previous subsection, the authors develop the simulation controller PRACTIS. Figure 10 gives an overview of PRACTIS, and shows the components of functionality distributed by cluster node in a server cluster. PRACTIS consists of four components: a Scenario Generator, an Execution Controller, a Resource Manager, and a Simulation Analyzer. The Scenario Generator formulates simulation scenarios from the total configuration of the exhaustive analysis. Here, a simulation scenario consists of a network map file, a pedestrian data file, and a simulation setting file. The Scenario Generator sends all scenarios to the Execution Controller, which distributes simulation executables and simulation scenarios to the cluster nodes. This distribution is determined by the calculation volume of each scenario and the resources available to the server cluster environment. When a cluster node completes a simulation scenario, it reports its status and the simulation result to the Resource Manager. The Resource Manager sends notification of that cluster node's availability, and then the Execution Controller distributes the next executable and simulation scenario. Finally, the Simulation Analyzer evaluates the simulation results.
Related Works
Pedestrian simulator
The following studies have considered pedestrian simulator environments. SimTread [2] , developed by A&A Co., Ltd., was implemented with a potential movement model in twodimensional continuous space, and was applied to many practical cases, e.g., evacuations from theaters, high-rise buildings, and hospitals. D-MACS, [11] developed by Vector Research Institute, Inc., had a similar basis, and was used in the simulation of evacuations from high-rise buildings, the design of traffic lines in a rail station, and so on. Legion Studio [4] , developed by Legion International Ltd., was also designed around a twodimensional continuous space model. This model was used to simulate many practical cases, e.g., the design of traffic lines around the Sydney and Athens Olympic stadiums.
Examples of a social force model in two-dimensional continuous space are SimWalk [3] and VISSIM [12] . SimWalk is developed by Savannah Simulations AG, and has the characteristic functionality of connecting railway timetables. VISSIM is developed by PTG, and includes an interaction between pedestrians and vehicles. SimWalk and VISSIM are widely used for facility planning, event planning, evacuation analysis, and transport planning.
Recently, Particle Swarm Optimization which is one of the optimization methods, has been used as a pedestrian movement model in the two-dimensional continuous space model [13] , [14] . The simulators with PSO can express the movement of pedestrians keeping their personal space and following neighbors.
These simulators with two-dimensional continuous space model have the advantage of reproducibility. These simulators can deal with a complicated situation that hundreds of pedestrians who walk in the various directions avoid mutually and pass. On the other hand, CrowdWalk with one-dimensional space model has the advantages of high-speed calculation and suitability for large-scale phenomena. CrowdWalk can calculate comparatively orderly behavior of several hundred thousand pedestrians much more quickly than the simulators with two-dimensional continuous space model.
Simulation controller
Related control environments include the StarBED Project [15] , which developed a simulation framework to ease automation, and SpringOS [16] , a set of software components that support the installation of operating systems, configuration of networks, and execution flow on a testbed. The RUNE [17] software also supports time management, the communication of simulation components, and execution flow.
HLA: High-Level Architecture [18] is one of the benchmarks for distributed computer simulation systems, standardizing the interface, object model, and federation of simulations. These software packages support various functionalities to execute simulations automatically, but have no functionality for exhaustive analysis.
Zillions of Agents-based Simulation Environment (ZASE), which is developed by IBM, is a scalable platform for multiagent simulations potentially using billions of agents [19] . On the ZASE platform, a simulation environment is divided into multiple runtimes, and they are executed either on a single computer or on multiple computers. Therefore, ZASE is suitable for execution of one large scale divisible model about physical area and agent interactions, but have no functionality for exhaustive analysis. On the other hand, PRACTIS has no functionality for dividing a large scale model to submodels. In our simulation environment, CrowdWalk works to treat large scale model with one-dimensional model and expected density model. PRACTIS provides a functionality for the exhaustive analysis, i.e., automatic execution of large number of simulation scenarios. 
Application to a Pedestrian Simulation Environment
In this section, we examine some case studies using CrowdWalk and PRACTIS.
Huge-Scale Pedestrian Flow
Following model
The authors' previous research [8] considered an evacuation with 600 evacuees in a large-scale commercial complex, and applied the Following model to verify the effective factors. The Following model was validated by comparing simulation results with data observed from an actual evacuation drill. This application of our simulator verified the factors that were most effective on the evacuation efficiency.
Denstiy model
This subsection demonstrates the use of CrowdWalk to treat huge-scale pedestrian flows in wide urban areas. We use the Density pedestrian movement model in the CrowdWalk Simulation Engine. Figure 11 shows a screenshot of a model of 40,000 pedestrians moving in an area measuring 3 km × 2.5 km around JR Shibuya Station in Tokyo. The network of this model consists of 3,300 links. In this simulation model, each simulation step is set to 1.0 s. Using the Density model, the Simulation Engine takes about 1.0 s to calculate one simulation step with 40,000 pedestrians. This model can be applied to verify the informa- tion most effective in decreasing congestion around main rail stations after a major earthquake in the metropolitan area. Figure 12 shows a screenshot of a model of 300,000 pedestrians moving in an area measuring 5 km × 5 km around Asakusa Station in Tokyo. The network of this model consists of 19,000 links. Again, each simulation step is set to 1.0 s. In this simulation, it takes about 4.0 s to calculate each simulation step with the movement of 300,000 pedestrians. The target of this model is the Sumida River Fireworks Festival, held at nearby Sumida river. Around a million viewers visit this fireworks festival, and most watch the fireworks from along the river. This model can be applied to verify what kinds of traffic control are effective in decreasing congestion around main rail stations.
Exhaustive Analysis
A new sightseeing spot, SKYTREE (a free-standing broadcasting tower), was built in 2012, and so the local flow of visitors is expected to change. However, it is difficult to predict these changes when the Sumida River Fireworks Festival is also being held. Here, we use PRACTIS to apply an exhaustive analysis to verify what kinds of traffic control will be most effective at decreasing congestion. However, the size of the real map shown in Fig. 12 and the expected number of pedestrians are beyond the practical capabilities of our system, because it takes about 12 h to calculate 3 h of pedestrian movements in one simulation. Therefore, as a first step for the exhaustive analysis, we create a simplified map based on the real map shown in Fig. 12. Figure 13 shows simplified maps (not to scale) with two kinds of settings for the origin and destination of the pedestrians. The simplified map consists of grid roads and four bridges. The length of each lattice cell is 50 m, and the width of the road is 2 m.
Experimental settings
Using the simplified map, we can execute about 1,264 scenarios based on the following four conditions. First, the number of pedestrians is varied from 2,400 to 6,000, as shown in Table 1 .
Second, the one-way traffic control length has two options, as shown in Table 2 . Condition 2-1 sets one-way traffic control on a bridge, condition 2-2 sets one-way traffic control not only on a bridge, but also on the roads either side of the bridge.
Third, we set the origins and destinations of pedestrians. Condition 3-1 (symmetry) and condition 3-2 (realistic) in Table 3 set the origins and destinations as shown in Fig. 13 . The pedestrians are generated at a random point in the station (their origin) every minute, and then move to a randomly chosen Table 3 Condition 3: Origin and destination of pedestrians.
Condition 3
Origin and destination of pedestrians 3-1 symmetric 3-2 realistic Table 4 Condition 4: One-way traffic control of bridges.
Condition 4 One-way traffic control of bridges 4-1 X:X:X:X 4-2 X:W:X:X 4-3 X:E:X:X ...
...
4-78
X:E:E:E 4-79 W:E:E:E viewpoint for the festival. After reaching the viewpoint (and watching the fireworks), they return to the station (their destination). As shown in Fig. 13 , there are stations at both edges of the map in the symmetry scenario, and the generation of pedestrians every minute is also symmetric. In the realistic scenario, in contrast, the simulation scenarios are different at each station. The busiest stations (60% of all pedestrians) are on the west side of Bridge 1, Bridge 2, and Bridge3. The fourth condition sets the direction of the one-way traffic control on each bridge. There are four bridges on the map, and the traffic direction can be either east, west, or both. The combination of directions is described with a text string concatenation, such as W:E:W:X, where W means westward oneway traffic, E means eastward one-way traffic, and X means that a counter flow can be used. Thus, W:E:W:X implies bridge 1 is westward one-way, bridge 2 is eastward one-way, bridge 3 is westward one-way, and bridge 4 has a counter flow. Table 4 describes the one-way traffic control direction on each bridge. There are 79 different settings, because we do not consider W:W:W:W and E:E:E:E for obvious reasons (3 4 -2=79). A text string is then assigned to each simulation scenario. For example, for the case of 2,400 pedestrians in condition 1, a bridge in condition 2, symmetry in condition 3, and no oneway traffic control in condition 4, we use the text string "2.4K-1-S-X:X:X:X," and in the case of 4,800 pedestrians, a bridge and the roads either side under direction control, realistic origins and destinations, and the one-way traffic control scenario "E:W:E:W," the string "4.8K-3-R-E:W:E:W" is assigned.
Simulation result 1
We recorded the speed of each pedestrian over every simulation step, and arranged 16 series of the combined simulation scenarios. Figures 14 and 15 show the average speed of all pedestrians from their origin to destination in each scenario. In regard to the first condition, we can see that the average speed decreases as the number of pedestrians increases. The second condition, regarding the length of the one-way flow, makes little difference to the average speed.
In the case of 2.4K, 3.6K, and 4.8K pedestrians, the average speed in the symmetric condition is higher than that in the realistic scenario. However, for 6K pedestrians, the average speeds in the symmetric and realistic cases are more or less the same. This implies that the maximum number of pedestrians to retain smooth movement in the simplified map is approximately 6,000. In regard to the fourth condition of the traffic control direction on each bridge, in most of the series, there is a difference of 0.2 to 0.4 m/s between the best and the worst scenarios (right and left edges in each series). From the point of view of the average speed, the number of pedestrians has the largest influence, followed by the traffic control direction across the bridges. Neither the origins and destinations of pedestrians nor the length of the one-way control have a significant influence on average speed.
Simulation result 2
From the results in Figs. 14 and 15, we can conclude that the number of pedestrians and the one-way traffic control direction have the greatest influence on the average pedestrian speed. In the actual fireworks festival, the number of pedestrians (viewers) is difficult to control because it is hard to predict how many viewers will visit the event. Furthermore, event managers usually hope to maximize the number of viewers, but the one-way traffic control direction must be prepared beforehand. Here, we confirm what kind of one-way traffic control direction is most effective.
In order to compare the effect of each type of one-way traffic control, we study the total range of condition 4 under combinations of conditions 1, 2, and 3. In our simulation, the combination of condition 1, 2, and 3 shown in Tables 1, 2 , and 3 give 16 patterns (4 × 2 × 2 = 16). Condition 4 has the 79 patterns shown in Table 4 . All 79 are tested under the 16 combinations of conditions 1, 2, and 3. Each pattern from condition 4 is ordered from the point of view of the average speed of all pedestrians. The best (highest average speed) pattern of condition 4 acquires 78 points, the next best pattern acquires 77 points, · · ·, the worst pattern acquires 0 points. This procedure is repeated for all 16 combinations of conditions 1, 2, and 3. The "total points" for condition 4 is then the sum of the points under all 16 patterns. Figures 16 and 17 show the total points for condition 4 for the symmetric and realistic settings of condition 3, respectively. Figure 16 shows that high-rank patterns tend to have an equal number of eastward-and westward-flowing traffic bridges; W:E:W:E is ranked first, E:E:W:W is ranked second, and E:W:E:W is third. Then, the number of bridges with the X counter flow gradually increases; W:W:X:E is ranked 17th, E:W:X:E is 21st, and X:E:W:X is 24th. Finally, lower ranked patterns typically have a different number of eastward and westward traffic bridges; X:E:E:E is 70th, and E:E:E:X is 71st. However, some high ranking patterns have a different number of one-way traffic bridges set to eastward and westward; W:E:E:E is ranked 4th and E:E:W:E is 9th. Also, a number of mid-ranking patterns have an equal number of traffic bridges set to eastward and westward; E:W:W:E is 29th, X:W:X:E is 49th, and W:E:X:X is 64th. The worst ranking patterns exhibit all three states; E:W:W:X is 78th, and W:X:E:W is 79th. Figure 17 shows the results with the realistic setting in con- dition 3. The higher ranked patterns have an equal number of bridges set to eastward and westward and counter flow; W:E:X:X is ranked first, E:X:X:X is second, and X:X:X:X is third. The ratio of X gradually decreases in lower-ranked patterns; W:X:W:E is 23rd, X:E:W:W is 25th, and W:E:X:W is 27th. Finally, the X state disappears, and the lowest ranked patterns have the same number of eastward and westward traffic bridges; W:W:E:E is 66th, and E:W:E:W is 78th. From our simulation results, we can confirm what types of one-way traffic control are effective. Nonetheless, the overall trend is not clear, e.g., higher ranked patterns and middle ranked patterns have the same number of eastward and westward traffic bridges; W:E:W:E is first and E:W:W:E is 29th. The authors believe this is due to the lattice structure of the simplified map in our simulation. When choosing the shortest route in CrowdWalk, if there are many routes with the same length, pedestrians select their route at random. As shown in Fig. 18 , in a lattice map structure, the concentration of pedestrians on specific links is caused by the choice of shortest route. For example, in Fig. 18 (a) , the number of pedestrians passing link 6 is a factor of three greater than that passing link 7, and in Fig. 18 (b) , the number of pedestrians passing link 9 is seven times that passing link 10.
Therefore, although the balance of one-way traffic bridges has an influence on congestion, the random choice of shortest route in lattice maps has more influence. In future work, the authors will consider the congestion caused by interactions between the route choice mechanism of the pedestrians and the map structure.
Further High-Speed Calculations
Preparation of Expected Density model
It took about 20 h to calculate the 1,264 scenarios in the above-mentioned exhaustive analysis with the Density model. This simulation was carried out with one random seed. However, one set of 1,264 scenarios with one random seed is not sufficient to confirm the results in Section 4.2, because the random factor influences the origin and destination of the pedestrians. However, the calculation speed of the Density model presents a bottleneck in the exhaustive analysis. Ideally, more trials with different random seeds are required. Thus, we apply the Expected Density model to realize high-speed calculations.
In this section, we confirm the speed and reproducibility of the Expected Density model under the following simulation settings. There are 2,000 pedestrians, whose origins and destinations are symmetric, and there is no one-way traffic control, i.e., all four bridges permit a counter flow. The simplified map shown in Fig. 13 is applied.
One characteristic point of the Expected Density model is that the unit time of a simulation step is longer than that of the Following model or the Density model. To verify the influence of this unit time, we set the simulation step-sizes to 1, 30, 60, 120, 180, 240, and 300 s (the unit time in the Density model was 1 s). Moreover, we compare the execution times and average pedestrian speeds of the Density model and the Expected Density model. Figure 19 shows the time taken to complete one trial of a simulation with the Density model and the Expected Density model. There is little difference between the two models for a step-size of 1 s. However, the completion time of the Expected Density model with a 30-300 s step-size was less than 3% of that with a 1 s step. From this result, we see that the Expected Density model can enable high-speed calculations. Figure 20 shows the completion time for all pedestrians to reach their destinations with the Density model and the Expected Density model. There is only 9% difference between the completion times given by the two models, which confirms that the Expected Density model does not output wildly different results to the Density model.
Simulation result
Conclusion
This paper proposed a one-dimensional space model as a spatial representation of the movable area of pedestrians, and defined three pedestrian movement models, the Following model, the Density model, and the Expected Density model. Based on these models, the CrowdWalk pedestrian simulator and the PRACTIS simulation controller were implemented. The pedestrian simulation environment using CrowdWalk and PRACTIS was confirmed to be suitable for the exhaustive analysis of huge-scale pedestrian flows in a cluster environment. Finally, the paper presented some case studies from the authors' pedestrian simulator environment to inform a guidance plan for a firework festival with huge-scale pedestrian flows.
